To evaluate the success of dietary interventions, we need measures that are more easily assessed and that closely align with intervention messaging. An index of obesogenic dietary behaviors (e.g., consumption of fast food and soft drinks, low fruit and vegetable consumption, and task eating (eating while engaging in other activities)) may serve this purpose and could be derived via data-driven methods typically used to describe nutrient intake. We used behavioral and physical measurement (i.e., body mass index, waist circumference) data from a subset of 2 independent crosssectional samples of employees enrolled in the Promoting Activity and Changes in Eating (PACE) Study (Seattle, Washington) who were selected at baseline (2005)(2006)(2007) (n = 561) and during follow-up (2007-2009) (n = 155). Index derivation methods, including principal components regression, partial least squares regression, and reduced rank regression, were compared. The best-fitting index for predicting physical measurements included consumption of fast food, French fries, and soft drinks. In linear mixed models, each 1-quartile increase in index score was associated with a 5% higher baseline body mass index (ratio of geometric means = 1.053, 95% confidence interval: 1.031, 1.075) and an approximately 4% higher baseline waist circumference (ratio = 1.036, 95% confidence interval: 1.019, 1.054) after adjustment for covariates. Results were similar at follow-up before and after adjustment for baseline measures. This index may be useful in evaluating public health or clinic-based dietary interventions to reduce obesity, especially given the ubiquity of these behaviors in the general population.
Obesity continues to be a significant threat to public health, with over one-third of US adults affected (1) . Alarmingly, obesity prevention efforts, including dietary modification, have largely been unsuccessful in maintaining long-term weight reduction (2) . An understanding of what dietary interventions are most effective is urgently needed, yet summarizing related evidence is hampered by differences in study design, study populations included, and dietary exposures evaluated (2) . Dietary exposure variables used in intervention studies have mostly been based on patterns of nutrient intake identified via a priori combinations based on dietary recommendations or data reduction techniques from large epidemiologic studies collecting dietary information (3, 4) .
Traditionally, empirical derivation of dietary indices has involved the use of principal components or factor analysis to select factors which maximize the variance of the exposure (i.e., nutrient) variables (5) . Therefore, such indices may maximally describe a combination of nutrients, but they may not be those most associated with the outcome of interest. Reduced rank regression (RRR) has been introduced as a method of selecting factors based on maximization of the variance of response variables that are highly correlated with or proximal to disease outcomes (5) . While factors identified using RRR are likely to be more predictive of outcome variables by virtue of the predictive modeling methodology (6) , evaluation of RRR in nutritional epidemiology has been limited. Partial least squares (PLS) regression is a method whereby identified factors balance the maximization of variance explained in both predictors and responses, and it is essentially a compromise between principal components regression (PCR) and RRR (5) .
Direct assessment of energy and nutrient intakes via selfreport has been shown to be biased for each of the commonly used comprehensive intake assessment methods (7) . Assessing dietary and eating behaviors at the same time may provide additional ways to estimate obesogenic behavior and may provide insight into the way in which high-energy foods are consumed. Several studies have shown that measures of adiposity, including body mass index (BMI), are associated with discrete dietary behaviors (including intakes of fruits and vegetables (8) , fast food (9) , and sugar-sweetened drinks (10) ) and eating behaviors (including dieting (11) , emotional eating (12) , and task eating (eating while engaging in other activities) (13) ). No one behavior, however, stands out as the most sensitive indicator.
Modeling patterns of eating behavior may provide a more comprehensive way of looking at how diet is associated with obesity and disease (3, (14) (15) (16) . In addition, many nutrients and foods are highly correlated, which makes it difficult to tease out separate associations. Evaluation of behaviors may reduce the effects of multicollinearity to some extent by reducing the sheer number of dietary variables. Identification of key behaviors most related to obesity may also provide more easily understood dietary recommendations for the lay public, as well as more actionable points of population-level obesity prevention and related chronic-disease-prevention efforts.
The current study provided us with an opportunity to create an index of dietary behaviors to predictively model BMI and waist circumference in a population of mostly white-collar working adults. Our objective in this study, therefore, was to derive and evaluate indices of dietary and eating behaviors using various statistical methods (i.e., PCR, RRR, and PLS regression) to identify the combination of variables most predictive of obesity in a nested cohort of middle-aged US working adults. This index may ultimately identify persons at greater risk of obesity in both clinical and community settings.
METHODS

Study population
The Promoting Activity and Changes in Eating (PACE) Study was a large group-randomized weight-reduction intervention trial carried out among approximately 3,000 individuals at 34 work sites in the Seattle, Washington, metropolitan area. Eligible companies employed 40-350 workers, were identified using US Standard Industrial Classification 2-digit codes (17) , and included industries that were characterized as manufacturing, transportation or utilities, personal services, household and miscellaneous services, and nonclassifiable establishments. Eligibility criteria included having a high proportion of sedentary employees, having a low turnover rate during the previous 2 years, and having a low proportion of nonEnglish-speaking employees. A detailed description of the PACE Study has been published elsewhere (18) .
All employees at participating work sites with fewer than 150 employees and a random subsample of 125 employees at work sites with more than 150 employees were asked to complete a standard questionnaire assessing self-reported dietary and physical activity behaviors, height, weight, and demographic information at baseline (2005) (2006) (2007) ). An independent sample of employees, derived in the same way, were invited to complete the follow-up questionnaire (2007) (2008) (2009) ). Data were collected among 3,054 individuals within 34 work sites at baseline and among 2,398 individuals within 33 work sites at follow-up. At baseline, a random "intensive assessment" subset of employees within all 34 work sites was also invited to provide additional physical measurements, including measured height, weight, and waist circumference (N = 34 work sites; n = 622 participants). For analyses at baseline, there were 561 participants after exclusion of persons with missing data for BMI (n = 4), waist circumference (n = 19), dietary behaviors (n = 27), and covariates (n = 11). At the follow-up intensive assessment, priority was given to participants who provided these measurements at baseline and who also were part of the follow-up survey. An additional random sample of follow-up survey respondents were invited to complete the intensive assessment. A total of 155 and 156 individuals provided baseline and follow-up measurements, respectively, for both BMI and waist circumference.
Response variables
Body mass index. At both baseline and follow-up, height and weight were assessed via self-report and were measured by trained study personnel using a stadiometer and scale, respectively. BMI was calculated as weight (kg) divided by the square of height (m 2 ) using both self-reported and physically measured data for these analyses.
Waist circumference. Waist circumference was assessed by study personnel via physical measurement during the same intensive assessment within work sites at baseline and follow-up. Values are reported in centimeters.
Exposure variables
Fruit and vegetable consumption. Increased consumption of fruits and vegetables is a behavior promoted heavily by public health professionals, as it has been found to be inversely associated with obesity (19) . Components of fruit and vegetable consumption were assessed using the National Cancer Institute's 7-item 5-A-Day fruit and vegetable assessment tool (20) . The total numbers of servings of fruit and vegetables consumed per day were calculated for descriptive purposes, whereas individual assessment items were included in dietary index analyses.
Weekly frequency of fast-food meal consumption. Frequency of fast-food meal consumption was assessed using a single question similar to that used in other studies: "Thinking about how often you eat out, how many times in a week or month do you eat breakfast, lunch, or dinner in a place such as ?" (21, 22) . Responses were given as number of times per week or number of times per month. All responses were converted to number of times per week.
Weekly frequency of soft-drink consumption. Average weekly soft-drink intake was also assessed, with the question "How often do you drink soft drinks or soda pop (regular or diet)?" (23) . Response options were "never," "less than once a week," "about once a week," "2-5 times per week," "about once a day," and "2 or more times per day."
Task eating (eating while engaged in other activities). The way in which food is consumed has also been associated with overweight and obesity (11) (12) (13) . The "task eating" construct connotes a level of distraction, or lack of eating awareness or mindfulness, which has also been linked to obesity (24, 25) . Task eating was assessed via a single item: "How often do you eat food (meals or snacks) while doing another activity-for example, watching TV, working at a computer, reading, driving, or playing video games?" (13) . Response options were presented on a 5-point Likert scale ranging from 1 ("never") to 5 ("always").
Covariates
Individual-level factors included in the models were: age, sex, race/ethnicity (where "other" included Native Alaskan/ American Indian and Pacific Islander/Native Hawaiian groups), and education. To further adjust for lifestyle differences, models also included adjustment for type of occupation (manual (i.e., machine operators, mechanics/technicians, service workers, tradesmen, and laborers) or nonmanual) and leisure-time physical activity of at least 10 minutes' duration, assessed via the Godin-Shephard Leisure-Time Physical Activity Questionnaire (26) . The Godin-Shephard questionnaire estimates the frequency of exercise bouts (i.e., vigorous, moderate, and light), multiplies each bout by the corresponding metabolic equivalent of task (MET) values (i.e., 9, 5, and 3 METs), and then sums these components to create an intensityweighted score (i.e., leisure index score) that corresponds to a weekly MET frequency (MET-hours/week) (26) .
Statistical analyses
Creating the dietary index. A random half of participants (the test set) was selected at baseline, and 3 statistical methods (i.e., PCR, RRR, and PLS regression) were employed to identify a dietary index of reported dietary and eating behaviors (26) . The questionnaire estimates the frequency of exercise bouts (i.e., vigorous, moderate, and light), multiplies each bout by the corresponding MET values (i.e., 9, 5, and 3 METs), and then sums these components to create an intensity-weighted score (i.e., leisure index score) that corresponds to a weekly MET frequency (MET-hours/week) (26). using methodology described by Hoffmann et al. (5) . Selection of factors using PCR is based on maximizing the percentage of variation explained among exposure variables (a partial goal of PLS regression and not a goal of RRR). Conversely, the selection of factors using RRR in the predictive model is based on maximizing the percentage of variation explained among response variables (a partial goal of PLS regression and not a goal of PCR). The baseline dietary exposure variables included in factor analyses were: all 7 individual items in the National Cancer Institute's 5-A-Day fruit and vegetable screener (servings/day), frequency of consumption of fastfood meals (times/week), frequency of consumption of soft drinks (times/week), and frequency of eating while engaging in other activities (task eating; never, seldom, sometimes, most of the time, or always). Because the distributions of dietary and eating behaviors did not vary substantially, we chose not to standardize or transform the variables before factor analyses. The response variables included in factor analyses were measured BMI and waist circumference, since both were strongly correlated (r = 0.85); both variables were logtransformed to account for skewness before factor analyses. The PCR, RRR, and PLS methods were implemented using the PROC PLS command within SAS for Windows, release 9.4 (SAS Institute, Inc., Cary, North Carolina), with crossvalidation to identify the minimum number of extracted factors for all methods.
Validating the dietary index. Dietary index scores for each statistical method were calculated as the average of variables identified in each extracted factor in the test set of participants at baseline. Models for prediction of baseline BMI and waist circumference employing these factors as well as all dietary behavior variables were compared for goodness of fit using Akaike's Information Criterion (AIC) in the complement of the test set (validation set) of participants, where models with the smallest AIC indicated the best fit (27) . The factor with the smallest AIC in separate models predicting BMI and waist circumference was selected for use in subsequent predictive models in the validation set at baseline, and again at follow-up. Longitudinal analyses predicting change in BMI and waist circumference were conducted in the nested cohort of baseline participants who had follow-up data. All predictive models were tested for interaction by sex; fully adjusted predictive models included age, sex, race/ethnicity, education, type of occupation (manual/nonmanual), leisure-time physical activity, and intervention arm as covariates. Wald tests were used to generate P values. All regression analyses were conducted using Stata SE, version 13.0 (StataCorp LP, College Station, Texas).
RESULTS
Baseline demographic and covariate data among the total, test, and validation samples are summarized in Table 1 . The mean age was approximately 44 years, and participants were primarily white, had more than a high school education, worked in white-or pink-collar jobs (i.e., nonmanual occupations), and were sufficiently active according to an established cutpoint (leisure index score ≥24) for the Godin-Shephard Leisure-Time Physical Activity Questionnaire (28). Continuous and categorical measures of baseline response and exposure variables are presented in Tables 2 and 3 , respectively. On average, participants were overweight/obese (mean BMI = 29.1), did not consume the recommended number of servings of fruit and vegetables per day (mean = 3.27 (standard error, 0.09) servings/day), and ate fast-food meals approximately 4 times per week (mean = 3.94 (standard error, 0.22) servings/ week) ( Table 2 ). Only about 19% and 4% of participants reported never drinking soda and never eating while engaging in other activities, respectively (Table 3) . Table 4 presents Pearson's correlation coefficients for all dietary behaviors (i.e., exposures) among both the test and validation sets of participants. Moderate positive correlations were evident between intakes of fast food, French fries/fried potatoes, and soft drinks, as well as between intakes of fruit, green salad, and vegetables (not including potatoes).
The statistical methods PCR, PLS regression, and RRR were employed to explain variation in measures of obesity (i.e., responses) and dietary behavior variables (i.e., exposures) for a test set of individuals who did not having missing information for any of these variables at baseline. Cross-validation was employed, and a single factor solution was identified for each method. As expected, the factor selected via the PCR method explained the highest proportion of variance among exposure variables, whereas the factor selected by the RRR method explained the highest proportion of variance among response variables (Table 5 ). The proportions of variance explained among exposures and responses by the PLS factor were a compromise between the other two methods. Differences in proportions of variance explained between methods, however, were small. Model effect loadings for each dietary behavior variable that were greater than the absolute value of 0.4 are presented for each factor derived from various statistical methods in Table 6 . Notably, the RRR-derived factor and PLS-derived factors included the same dietary behavior variables (i.e., intake of fast-food meals, soda, and French fries/ fried potatoes). The proposed simple index is the average of the weekly frequency of each of these 3 behaviors. Abbreviations: AIC, Akaike's Information Criterion; ΔAIC, change in AIC; BMI, body mass index; FFQ, food frequency questionnaire; NCI, National Cancer Institute; PACE, Promoting Activity and Changes in Eating; PCR, principal components regression; PLS, partial least squares; RRR, reduced rank regression; WC, waist circumference.
a AIC is a measure of model fit for nonnested models (using the same sample) employing likelihood maximization; smaller (e.g., more negative) values indicate a better fit.
b BMI and WC were log-transformed in analyses; models adjusted for age, sex, and intervention arm. c Weight (kg)/height (m) 2 . d Does not include juice drinks or Kool-Aid (Kraft Foods Group, Inc., Northfield, Illinois). e Does not include green salad or potatoes. f Includes 6 items from the abbreviated FFQ (i.e., excluding French fries/fried potatoes). g Eating while engaging in other activities (5-point Likert scale: 1 = never, 2 = seldom, 3 = sometimes, 4 = most of the time, 5 = always).
h Includes 7 items from the abbreviated FFQ, plus fast-food meals, soft drinks, and task eating.
We next performed confirmatory analyses within a validation sample where each index, created as the average of behavioral variables with loadings greater than 0.40 in the test set, was used separately to estimate BMI and waist circumference at baseline. Using the same observations within the validation set, AICs were generated for model comparisons to determine the best fit. The difference in AICs (ΔAIC) can be calculated by subtracting the minimum AIC value of all candidate models in the comparison set from each model AIC (27) . Larger ΔAIC values (i.e., >10) indicate no support for the hypothesis that the model in question is the best-fitting model in the candidate set, while smaller ΔAIC values (i.e., <2) indicate strong support for the hypothesis that the model in question may also be the best-fitting model in the candidate set (27) . As was suggested by the slightly higher explained variance among response variables, the model including the RRR/PLS-derived index had a substantially better goodness of fit when singly estimating BMI and waist circumference than the model including the PCR-derived index (Table 7) . However, the fit of the model including the single fast-food variable was virtually indistinguishable from that of the model including the RRR/PLS-derived simple index.
To further evaluate whether the dietary index was predictive of BMI and waist circumference, we used linear regression models to estimate predicted mean values and 95% confidence intervals at baseline (in the validation set only) and follow-up (in the nested cohort of participants with both baseline and follow-up data). Figure 1 presents cross-sectional associations between quartiles of the RRR/PLS-derived dietary index and baseline and follow-up BMI, while Figure 2 presents crosssectional associations with baseline and follow-up measures of waist circumference. A 1-quartile higher dietary index score was associated with a statistically significant 5% higher BMI (ratio of geometric mean values per 1-quartile increase in dietary index = 1.053, 95% confidence interval (CI): 1.031, 1.075) and a 4% higher waist circumference (ratio = 1.036, 95% CI: 1.019, 1.054) at baseline. At follow-up, a 1-quartile higher score was associated with a statistically significant 6% higher BMI (ratio = 1.058, 95% CI: 1.029, 1.088) and a 5% higher waist circumference (ratio = 1.052, 95% CI: 1.032, 1.073). To determine whether the dietary index was predictive of obesity measures at follow-up after adjustment for corresponding baseline obesity measures, we used linear regression models to estimate ratios of geometric means per quartile increase in dietary index score (Table 8 ). Higher baseline dietary index score was associated with higher self-reported BMI and heightadjusted weight as well as measured height-adjusted weight and waist circumference at follow-up. Associations with measured BMI at follow-up were attenuated and rendered marginally nonsignificant after adjustment for baseline BMI.
DISCUSSION
We identified a linear combination of 3 obesogenic behaviors that formed an index associated with obesity. The dietary index was a simple average of the weekly frequency of consumption of 3 items: French fries, soft drinks, and fast-food meals. The index was found to explain the most variability in Body Mass Index Predicted mean values were estimated by means of linear mixed models that adjusted for age, sex, intervention arm, race/ethnicity, education, type of occupation (manual/nonmanual), and physical activity; BMI was log-transformed for analyses, and geometric mean values are presented. Analyses at baseline included a validation set of participants with nonmissing data at baseline (N = 34 work sites; n = 281 participants); analyses at follow-up included all participants with nonmissing data at baseline and follow-up (N = 27; n = 155). Results of tests for linear trend (Wald test) across quartiles of dietary index score were significant (P < 0.0001). Bars, 95% confidence intervals (CIs). PACE, Promoting Activity and Changes in Eating. obesity (BMI and waist circumference) compared with the principal components method. This study builds on methods proposed by Hoffmann et al. (5) by extending them to dietary behaviors, beyond intake of specific food groups. This unique approach addressed several issues in the current body of nutritional epidemiology literature. First, dietary behaviors most related to 2 measures of obesity were identified. Second, a simple index of multiple dietary behaviors was identified which may prove to be a more reliable indicator of obesity risk than a method reliant on caloric estimation. A method using traditional dietary assessment methods and reliant on caloric estimation is subject to bias in reported energy and nutrient values (7). Our identified index was based on a singlefactor solution using RRR and PLS methods that identified intake of fast food, French fries/fried potatoes, and soda as dietary behaviors that explained the most variation in both BMI and waist circumference, simultaneously, in a test set of participants. Furthermore, this index performed best in predictive models of measured BMI and waist circumference in a validation set of participants in comparison with other statistical methods based on principal components analysis. Specifically, a higher dietary index score was associated with higher measured BMI and waist circumference among adults at both baseline (in a validation set) and follow-up (among all participants with follow-up data). We found that this index was also associated with higher baseline-adjusted waist circumference after 2 years of follow-up.
Our findings are somewhat consistent with those of studies individually linking intakes of fast food (9) and sugarsweetened drinks (10) with obesity risk among adults. In a review which included 3 studies of fast-food intake and change in weight or BMI among adults, 2 found significant associations (9) . Similarly to our study, the null study on BMI by Jeffery et al. (29) only assessed change over a relatively short time period (i.e., 1 year), whereas the 2 studies with positive findings evaluated change over a longer time period (i.e., 3-15 years) (23, 30) . The 2 positive studies were also conducted among either younger individuals (30) or women only (23). While we did not find a significant baseline-adjusted association between the dietary behavior index and BMI at 2-year follow-up, we did see a significant association with baselineadjusted waist circumference and height-adjusted weight. As of the date of this writing, we had not found other studies evaluating longitudinal associations between fast-food intake and waist circumference among adults.
In a review which included 12 studies (7 prospective cohort studies and 5 clinical trials) of sweetened-drink intake and change in weight or BMI among adults, most found significant associations (10) . Meta-analysis of prospective studies found that each serving/day increase in sweetened-drink intake was associated with an additional weight gain of 0.22 kg over 1 year (10) . These findings were supported by a meta-analysis among trials which found a significant difference in change in body weight between intervention and control arms (10) . Again, as of the date of this writing, we have not found other studies evaluating longitudinal associations between intake of sugar-sweetened drinks or nondiet soda and waist circumference among adults. On the other hand, Fowler et al. (31) recently reported a significant association between diet soda intake and increased waist circumference over a median follow-up time of 9 years.
Strengths of this prospective study include use of a rigorous statistical approach to identify factors within a test set for a The analysis included participants with measured body mass index (n = 155) and waist circumference (n = 156) at both baseline and follow-up. All dependent variables were log-transformed for analyses, and the ratio of geometric mean values per 1-quartile increase in dietary index is presented.
b Results were adjusted for age, sex, the baseline measure, and intervention arm. c Results were adjusted for age, sex, the baseline measure, intervention arm, race/ethnicity, education, type of occupation (manual/nonmanual), and physical activity.
d Wald test for linear trend with RRR-derived dietary index scores modeled as quartiles. e Weight (kg)/height (m) prediction in a validation set of participants, as well as physical measurement of height, weight, and waist circumference. We also adjusted the model results for individual-level covariates while accounting for variation at the work-site level. Limitations include the small size of the nested cohort, which resulted in lower statistical power and which may not have been fully representative of the larger baseline sample. We also used a relatively small number of dietary behavior variables to generate indices. While we did choose a priori dietary behavior variables that have been associated with obesity in numerous studies, it is possible that we omitted some salient variables from our analyses. Despite these limitations, we were still able to detect significant associations with future waist circumference. This may be important, given that waist circumference has been shown to be more strongly associated with obesity-related disease risk (32) . We must also acknowledge that the performance of the model for our dietary index could not be distinguished from that of a model including only our single fast-food variable. This may not be of concern, however, given that this variable also typically reflects intake of French fries and soft drinks as part of the frequency of fast-food meal consumption. Finally, while our methods do support the robustness of our findings, they may have limited generalizability given our sample of mostly white working adults. In summary, we have successfully identified a dietary index of 3 behaviors consistently associated with 2 measures of obesity. It is a simple average of the weekly frequency of consumption of French fries, soft drinks, and fast-food meals. Given the ubiquity of these dietary behaviors in the general population, the index may be useful in evaluating dietary interventions designed to reduce obesity risk.
